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scores to documents, such as news
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document. To remedy this situation, we
present a general framework for defining
and measuring the “interestingness” of
documents taking into account the above
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What Makes a Document Interesting?

Topic Relevancy Timeliness Uniqueness/Rarity of Event  Significance of Event Updates Collaborative Scoring Threat Assessment
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A document must be relevant to a Newer documents are generally more A document describing a rare time(E, ;) time'(E)) Networks  Database
topic of interest for it to be interesting. interesting than older documents. or unique event is interesting.
A document providing significant new A document classified as interesting In the case of documents
Source Reputation information to an event last updated along to one user should be also be  describing disaster events, such as
time ago is interesting. Additionally, interesting to other users with similar  disease outbreaks, those that
I (source)= 2 Do Mtime(d) g (d') Interestingness of document o’ documents that first describe a new event interests. Additionally, documents describe highly probable events
e J'eDocuments from source are interesting. that are similar to each other should  with significant impact are
have similar interestingness scores  interesting.
Data sources (e.g., authors) that have produced interesting documents in the past are likely to produce interesting for the same user. Social network
articles in the future. Older articles have less significance than newer articles. Additionally, authors that are often cited analysis can help address this
by other authors of authority have been indirectly identified by their community to have produced interesting articles. feature.

This work was performed under the auspices of the U.S. Department of Energy by University of California Lawrence Livermore National Laboratory under contract no. W-7405-Eng-48.



